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A quantitative structure activity relationship (QSAR) model was built using Interval Partial Least 
Squares and Partial Least Squares (IPLS-PLS) regression for the prediction of corrosion inhibition 
efficiency of thiophene derivatives. Eleven compounds with their activity expressed as percentage 
inhibition efficiency (%IE) were obtained and divided into a training set (ntrn = 7) and test set (ntes= 4). 
Molecular descriptors were generated using Dragon software and the important relevant descriptors 
were selected using an objective variable selection followed by subjective variable selection using 
IPLS. Several models were built using PLS regression and the models were evaluated using statistical 
significance characterization, r
2
 and root mean square error calibration (RMSEC). The robustness, 
accuracy and predictive ability of the models were carried out using external and internal cross 
validation using regression coefficient cross validation (r
2
cv) and regression coefficient prediction 
(r
2
pred). The values were calculated and found to be > 0.5 and 0.8 respectively for the first and second 
model and for the external validation the values are found to be  > 0.6 and 0.5 respectively and the r
2
 
value was found to be  > 0.9.  Application of the built model  to calculate the theoretical %IE was 
obtained and is closer to the %IE experimental. The result showed the predictive ability of the model 
was good and can be used to design a similar group of compounds with corrosion inhibition efficiency. 
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1. INTRODUCTION 
Corrosion inhibition mechanism is a crucial problem for anti-corrosion researchers  which have 
been managed for a numbers of years [1]. Organic inhibitors generally containing heteroatom’s such as 
O, N, S, and P are found to have higher basicity and electron donating ability [2]. Organic inhibitors 
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act by adsorption  on the metal surface and forming a layer as complexes with the metal atom and 
protect the metal from corrosion [3,4, 5].   
Experimental methods are costly, time consuming and can produce toxic site products. The 
most common methods used in computational chemistry to study corrosion is a quantum chemical 
calculation using molecular and electronic property of a molecule [6].   
The use of corrosion inhibitors for corrosion protection attract many researchers into the area 
for a number of decades to find a lasting solution to this important global problem, and therefore, a lot 
of research have been reported on the use of inhibitors to minimize or stop corrosion by theoretical 
approach. El Ashry  and Senior, studied the corrosion activity of lauric hydrazide and its salts as 
corrosion inhibitors using quantum chemical calculation and QSAR the result revealed the effect of 
inclusion quantum chemical parameters to improve corrosion inhibition efficiency [7].  
Khaled, reported on the corrosion inhibition of 1,3-Pyrimidine derivatives as corrosion 
inhibitors using genetic algorithm and QSAR model technique the activity of this compound show 
similarities with experimental [8]. Corrosion inhibition efficiency phenethroline derivatives were 
investigated by  Obot  et al., the result shows that protonated specie of inhibitors give better 
experimental inhibition efficiency [9]. Inhibition and adsorption efficiency of cysteine, glycine, leucine 
and alanine on mild steel in hydrochloric acid was investigated and the result define the effect of 
various concentration of the amino acid inhibited the corrosion of mild steel and the correlation 
between the theoretical obtained from (QSAR) with experimental was found to be excellent [10].   
However, Masoud et al., explained the inhibition performance of aminopyridine as corrosion 
inhibitor using quantum chemical calculation the correlation was found to be good between  the 
theoretical and experimental corrosion   inhibition [11]. Therefore the most effective way to obtain a 
complete set of data without necessarily performing an experiment  is the application of quantitative 
structure activity relationship (QSAR) [12,13]. Once QSAR model is established the activity of the 
molecules  can be predicted and know which structural features play a significant role in the activity. 
Advances in QSAR model have lead to the search of more potential corrosion inhibitors and their  
mechanism for corrosion inhibition. Many methods such as multiple linear regression (MLR), partial 
least square (PLS), heuristic method (HM) and different types of  artificial neural network (ANN) 
which can be applied for QSAR model development and  can be used in predicting the corrosion 
inhibition efficiency, using QSAR model can predict with confidence some experimeally unknown 
properties which relate molecular structure to specific property.  
IPLS interval partial least square is a variable selection extension to PLS, which developed  a 
local PLS model in an equal distance to a given interval  which give difference interpretation  and 
remaining interference of noisy test [14]. The prediction performance are compared base on the 
validation  parameters of  RMSCV and R
2
 which can be forward or backward. The aim  of this work is 
to establish a new QSAR model for predicting the corrosion inhibition of 11 thiophene derivatives  
using IPLS-PLS technique.  
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2. MATERIALS AND METHOD  
2.1. Data 
A data set of the compounds which consists of eleven thiophene derivatives as corrosion 
inhibitors were obtained from the literature [15]. The chemical structure and percentage corrosion 
inhibition are presented in Table 1. 
 
                  Table 1. Thiophene derivatives with Percentage inhibition efficiency 
 
Compounds structure %IE 
Experimental 
Compounds 
structure 
%IE 
Experimental 
S
O
O
 2-
Thiophenemethylester 
79.7 
S
O
HO
2-
thiophenecarboxylic 
acid 
62.1 
        
S
O
H3C  
2-acetylthiophene 
78.3 
SCl  
2-chlorothiophene 
60.4 
S
Br
 
2-bromothiophene 
73.5 
S  
2-methylthiophene 
60.2 
S
Br
 
3-bromothiophene 
68.9 
S  
3-methylthiophene 
55.5 
S
HO
 
2-hydroxythiophene 
68.4 
S  
Thiophene 
35.5 
S
O
 
2-
thiophenecaboxaldehyde 
67.1   
 
The data on the compound are arranged in order of increasing inhibition efficiency and  split 
into training and testing set in the ratio of 3:1, the splitting is done  by choosing every third compound 
as the test set. The training set and the test compound are stored as a 2D and 3D structure in the 
computer [16]. 
 
2.2. Descriptor Generation and Calculation 
In this study  all the molecules were drawn to 2D with Chemdraw Ultra version 8 and the 
structure is converted to 3D by Chem3D Ultra 8.0. Energy minimization was run by Chem3D ultra 
version 8, using semiempherical austin model (AM1) method in molecular orbital package (MOPAC) 
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[16]. The descriptors were calculated using Dragon-software 6.0 [17]. A total of 2217 descriptors was 
generated after the calculation using the whole block from the dragon software. 
 
2.3. Feature Selection 
The data size is reduced by selecting the most informative descriptor from the pool of data that 
are used for prediction and building an accurate model. The minimal number of descriptors that are 
informative were retain  and therefore all the data containing redundant information were removed by 
objective and subjective variable feature selection. 
 
2.4. Objective Feature Selection 
Objective feature selection was carried out in order  to remove all the descriptors by pairwise 
correlation matrix , therefore descriptors with high correlation values greater than 0.95  were removed 
and descriptors with constant values or poor correlation values were discarded  and descriptors with 
zero or missing value were also remove and the descriptor that are not informative  were reduced 
manually which bring the number of descriptors to 250. Finally the descriptors need to be reduced 
further in order to get robust and accurate QSAR model by subjective feature variable selection using 
statistical analysis by IPLS stepwise variable selection [18]. 
 
2.5. Subjective Feature Selection 
The dependent variable was used to select  the descriptors that are highly informative in the 
data set, since iPLS is a method of graphical orientation for local regression modeling of a data. 
Interval Partial Least Square (IPLS)  was used to reduce the data set size, IPLS algorithm was      
applied to the data contain 7 training set with 250 descriptors , the best interval was selected as 
described elsewhere [14, 19]. The descriptors containing relevant information were selected in order to 
improve the capability of the PLS model. 
The selected descriptors were based on the  evaluation of the regression coefficient value on the 
number of descriptors selected which was started by a small number of descriptors and subsequently 
added new variables to improve the model regression coefficients until there was no improvement in 
the model regression coefficient. From the two  models 5 and 2descriptors  were found to be 
significant based on the validation coefficient (r
2
) and root mean square error cross validation 
(RMSECV) , than descriptors were used to build the model [14,20,21].   
 
2.6. Model Development 
The data in the training set were used to developed QSAR model using PLS method. After  
Interval partial Least Square Stepwise (IPLSS) variable selection which was performed in Matlab 7.6 
PLS Toolbox 6.2. 
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Before the analysis the descriptors were auto-scaled to zero unit and the model was built and 
evaluated using correlation coefficient r
2
 and root mean square error of calibration , RSMEC.  The 
model with higher value of r
2
 and lower value of RMSEC is selected as a good model. 
The QSAR Model is represented as  QSAR equation with the regression coefficient explaining 
the significance of the individual descriptors in the regression model. 
However, the plot of the experimental activity vs predicted activity is   represented and 
explained the activity of calculated and experimental inhibition efficiency in QSAR. 
 
2.7. Model Validation 
This is the final step in QSAR model development that involve  external and internal  
validation of the model.The purpose of model validation is to ensure the model is accurate in terms of 
stability, robustness and predictive ability. Therefore  cross validation was  employed as an internal 
validation using leave one out and checked the model  thoroughly. For external validation (external 
test set )  it involves the prediction of the property of interest  for compound that are not used in the  
model building. The statistical output was obtained in terms of  leave one out  cross validation 
regression coefficient ( r
2
 ), regression coefficient cross validation (r
2
cv) and regression coefficient 
predict (r
2 
pred). The higher the value of r
2
cv  the better the model  for the prediction and similarly higher 
value of r
2
 pred  implies the prediction power of the model. The model obtained was used and predicted 
the feature compound for corrosion inhibitors which will be used for experimental evaluation. 
 
 
 
3. RESULTS AND DISCUSSION  
QSAR analysis was used to relate the structure activity relationship of different eleven 
thiophene derivatives as corrosion inhibitors. In this method of analysis the model quality depends on 
the fitting and prediction ability. In order to build QSAR model and test the model workability, the 
data are divided into 7 training set which was used in building the model and test set of 4 compounds 
which was used to evaluate the model built as in Table 1. 
The IPLS-PLS analysis was used to generate 2-model with 5 and 2 descriptors respectively 
based on latent variable (LV). The linear model built using selected descriptors from the training data 
set were used and obtained the following linear equation. The selected descriptors obtained from IPLS 
in combination with PLS for the models with five and two descriptors linear  equations as  represented 
below. 
%IE = -135.541+[-8.4374(SpMAD_L)]+[-6.8488(MATS4M)]         
+68.467(SpMAX3-Bh(m))+  [- 0.497(RDF010S)] + 41.111( RiP)   (1) 
r
2
 =0.9920, r
2
cv = 0.5724, r
2
pre = 0.5999,  N= 250 
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The equation for the IPLS with PLS for the second model with 2 descriptors 
%IE = -135.541 + [-9.881 (MATS4M)]  + 57.272 (SpMAX3-Bh(m))  (2)                      
r
2
 =0. 9295, r
2
cv = 0.8481, r
2
pre = 0.5114,  N= 250 
N is the number of compounds, r
2
 is the square correlation coefficient, r
2
cv  is the square  cross-
validation coefficients for leave-one-out and RMSEC is the root means error for calibration an 
prediction respectively . 
 
3.1. Model validation and interpretation 
In this study IPLS in combination with PLS  was employed in building the model for the 
structure of thiophene derivatives as corrosion inhibitors more appropriately, application of the PLS 
method allow the construction of good QSAR equations without over fitting and eliminating most of 
the variable that lack information. And this method is used in combination with cross validation to 
obtain the highest number of components [21]. The PLS regression method  used was  based on 
SIMIPLS algorithm existed in the PLS Toolbox of Matlab software (Version 7.6.0), in order to obtain 
the best output based on the regression coefficient for the  predicted  compound and leave-one –out 
cross validation model is represented in Table 2. Results show the regression coefficient r
2
,  with a 
regression coefficient  leave one out cross validation r
2
cv, and RMSEC. The regression coefficient for 
prediction r
2
cv and the model with higher value of these coefficients is selected as the best 
model.Therefore, model 3 and model 2 are considered as the best models and the best linear model 
equation are obtained from the models. 
 
Table 2. PLS Model output for regression coefficient 
 
Parameters  PLS Model  With 2 descriptors PLS Model with 5 Descriptors 
 
r
2
 0.9295 0.9767 
r
2
cv 0.8481 0.4738 
r
2
pre 0.5114 0.6055 
RMSEC 3.415 1.967 
 
The selected descriptors obtained from  IPLS in combination with  PLS for the first  model 
with five descriptors are represented in Table 3. with the equation of the model.  
Similarly the selected descriptors  by  IPLS in combination with  PLS  of the second model 
with 2 descriptors are represented in Table 3. From the descriptors in Table 3. and 4. it can be 
concluded that Largest eigenvalues n3 of Burden matrix weighted by the mass (SPMAX3_Bh (m)) and 
Moran autocorrelation of lag4 weighted by Mass (MATS4Mdescriptors are significantly contributing 
to corrosion inhibition efficiency of a molecule. 
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Table 3. Selected descriptors for the first model with 5-descriptors 
 
Descriptors                                    Definition  
 
SpMAD_L                    Spectral absolute deviation from Laplace  
MATS4M Moran autocorrelation of lag4 weighted by Mass 
SPMAX3_Bh (m) Largest Eigen values n3 of Burden matrix weighted by mass    
RDF010S   Radial distribution  function weighted 010s/ weighted  by 1-state 
R1P      R1p – autocorrelation of lag1/weighted by polarizability 
 
Table 4. Selected descriptors for the second model with 2-descriptors 
 
Descriptors                                    Definition  
 
MATS4M Moran autocorrelation of lag4 weighted by Mass 
SPMAX3_Bh (m) Largest Eigen values n3 of Burden matrix weighted by mass    
 
The equation for the IPLS with PLS for the second model with 2 descriptors 
%IE = -135.541+[-9.881 (MATS4M)] + [57.272 (SpMAX3-Bh(m))] 
r
2
 =0. 9295, r
2
cv = 0.8481, r
2
pre = 0.5114, N= 250 
 
Table 5. Calculated %IE and Experimental of thiophene derivatives 
 
%EI of Model 1 %EI of Model 2 Experimental [15] 
71.9 71.1 79.7 
76.1 76.1 78.3 
74.6 74.3 73.3 
60.8 58.3 68.9 
66.6 65.5 68.4 
68.7 64.4 67.1 
68.2 67.9 62.1 
60.4 68.1 60.4 
59.5 59.1 60.2 
52.1 52.3 55.5 
36.1 36.0 35.0 
 
Int. J. Electrochem. Sci., Vol. 9, 2014 
  
1685 
Application of the above models to test the predictability by calculating the theoretical 
inhibition efficiency and compare with the experimental %IE of the compound from the literature are 
shown in Table 5, the result shows a closer similarity in values between the calculated %IE and 
experimental %IE , compound 1-6 %IE experimental are higher than the calculated , while 7-11 are 
favored towards calculated values. This is attributed to the nature of the molecular property [22], as 
well as the possibility of  forming an error during experiments [23]. For model 1and 2 the calculated 
values are closer  but model with less number of descriptors is found to be better.    
 
 
 
 
Figure 1.  shows the variation in % IE of calculated and experimental with 5 descriptors 
 
 
 
Figure 2. Variation in % IE of calculated and experimental descriptor  
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Figure 3. Correlation between experimental and calculated %IE with 5 descriptors 
 
 
 
Figure 4. Correlation between experimental and calculated %IE with 2 descriptors 
 
The predicted %IE values of the compounds in the training set and test set using equation 1 and 
2 were plotted against the experimental values represented in Table 5 and Figure 1 and 2 respectively. 
The calculated values for the %IE are in good agreement with those of experimental as shown in figure 
3 and 4. The plot of the residual for the predicted values %IE for both training and test sets against 
experimental %IE are shown in Figure 5 and 6.  
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R2 = 0.850
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Figure 5. Studentized residual by y-measured  %IE with 5 descriptors 
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Figure 6. Studentized residual with y-measured  %IE with 2 descriptors 
 
3.2. Descriptors interpretation 
Descriptors contained in the QSAR model contributed to the corrosion inhibition of material, 
are then explained by  the descriptors. 
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SpMAD_L is a 2D matrix descriptor explaining the spectral absolute deviation of the Laplace 
and the correlation of melting point and spartial atom contribution. 
MATS4M is the 2D autocorrelation descriptors which define by Moran autocorrealation  of 
lag4 weighted by mass and is showing the effect of branching and non linearity in the compound. 
SPMAX3_EA(ed) is an edge adjancy descriptor weighted by edge degree due to the nature and 
size of the neighboring atom. 
RDF10S is the radial distribution function descriptor weighted by 1- state and it relates the 
shape of the 3D distribution of the atomic mass and the molecular structure of the compound. 
R1P is 2D autocorrelation lag1 weighted by polarization. Therefore, higher value of MTS4M, 
SPMAX3_EA (Ed), RDF10S, R1P and lower value of SpMAD_L descriptors lead to the effective 
corrosion inhibition of the compound. 
 
 
4. CONCLUSION 
The aim of this work was to develop a QSAR model and predict corrosion inhibition activity of 
thiophene derivatives. Different descriptors were calculated by Dragon software and selected by 
interval partial least square (IPLS) method the model built from IPLS in combination with PLS was 
assessed by internal and external validation and the result shows that the model has prediction power 
and robustness . The 5 descriptors selected shows that Moran autocorrelation of Lag4 weighted by 
mass (MATS4M) and Largest eigenvalues n3 of Burden matrix weighted by mass ( SPMAX3_Bh(m)) 
are the most influential descriptors because of their presence in both the two models. Therefore, this 
approach  can be use to search for more corrosion inhibitors from the properties obtained by dragon 
software apart from conventional method using quantum chemical calculations by Gaussian software.  
We hope that the derived models will be used as precursor in searching more potential 
corrosion inhibitors from the pool of data prior to experimental evaluation.   
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